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Running headline:  6 




Measuring the multidimensional diversity properties of a community is of great importance for 11 
ecologists, conservationists and stakeholders. Diversity profiles, a plotted series of Hill 12 
numbers, simultaneously capture the common diversity indices. However, diversity metrics 13 
require information on species abundance, often relying on raw count data without accounting 14 
for imperfect and varying detection. Hierarchical occupancy models account for variation in 15 
detectability, and Hill numbers have been expanded to allow estimation based on occupancy 16 
probability.  But the ability of occupancy-based diversity profiles to reproduce patterns in 17 
abundance-based diversity has not been investigated. Here, we fit community occupancy 18 
models to simulated animal communities to explore how well occupancy-based diversity 19 
profiles reflect patterns in true abundance-based diversity. Because we expect occupancy-based 20 
diversity to be overestimated, we further tested a occupancy thresholding approach to reduce 21 
potential biases in the estimated diversity profiles. Finally, we use empirical bird community 22 
data to present how the framework can be extended to consider species similarity. The 23 
simulation study showed that occupancy-based diversity profiles produced among-community 24 
patterns in diversity similar to true abundance diversity profiles, although within-community 25 
diversity was generally overestimated. Applying an occupancy threshold reduced positive bias, 26 
but resulted in negative bias in richness estimates and slightly reduced the ability to reproduce 27 
true differences among the simulated communities; thus, we do not recommend application of 28 
this threshold. Application of our approach to a large bird dataset indicated differential species 29 
diversity patterns in communities of different habitat types. Accounting for phylogenetic and 30 
ecological similarities between species reduced variability in diversity among habitats. Our 31 
framework allows investigating the complexity of diversity from species detection data, while 32 
accounting for imperfect and varying detection probabilities, as well as species similarities. 33 
Visualizing results in the form of diversity profiles facilitates comparison of diversity between 34 
sites or across time. The approach offers opportunities for further development, for example 35 
by using local abundances estimated using the Royle-Nichols or N-mixture models and further 36 
exploration of thresholding methods. In spite of some challenges, occupancy-based diversity 37 
profiles are useful for studying and monitoring patterns in biodiversity.  38 
 39 
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1. Introduction 45 
Biological diversity represents the variety of organisms or traits and plays a central role 46 
in ecological theory (Loreau et al., 2001; Tilman, Isbell, & Cowles, 2014). Mathematical 47 
functions known as diversity indices aim to summarize properties of communities that allow 48 
comparison among different regions, taxa, and trophic levels (Morris et al., 2014; Daly, 49 
Baetens, & De Baets, 2018). They are often used in conservation as indicators of the integrity 50 
 
 
or stability of ecosystems, and are, therefore, of fundamental importance for environmental 51 
monitoring and conservation (Morris et al., 2014). Diversity is, however, a generic term 52 
describing the complex multidimensional properties of a community. Any diversity index 53 
reduces these multidimensional properties to a single number (Morris et al., 2014), which is 54 
problematic (Daly, Baetens, & De Baets, 2018). 55 
The most commonly used diversity indices are species richness, Shannon’s diversity 56 
H’ and Simpson’s diversity D; the latter two combine measures of richness and abundance, 57 
whereas species richness solely presents the number of species. It is not uncommon that 58 
diversity increases according to one index, but decreases according to another (Patil, 2014), 59 
demonstrating the difficulties in quantifying biodiversity in a single number (Purvis & Hector, 60 
2000; Daly, Baetens & De Baets, 2018). 61 
To address this shortcoming, several researchers have suggested using parametric 62 
families of diversity indices (Hill, 1973; Patil & Taillie, 1982; Gattone & Battista, 2009; 63 
Leinster & Cobbold, 2012). Jost (2006) proposed the use of Hill numbers (Hill, 1973) that 64 
incorporate relative abundance and species richness to show the number of equally abundant 65 
species necessary to produce the observed value of diversity. Individual Hill numbers differ by 66 
the parameter q, which quantifies how much the measure discounts rare species when 67 
calculating diversity (the higher q, the less these rare species contribute to diversity). Leinster 68 
& Cobbold (2012) further developed this framework to incorporate similarity between species 69 
and present them along a gradient of q that includes Rao’s quadratic entropy and species 70 
richness. The naive similarity collapses diversity to the Hill number of order q (Hill 1973). Hill 71 
numbers include typical diversity indices, where q=0 reflects species richness, q=1 is the 72 
exponential of the Shannon entropy and q=2 represents the inverse of Simpson’s concentration. 73 
Plotting the effective number of species as a function of q allows us to view diversity from 74 
multiple vantage points (Hill, 1973; Leinster & Cobbold, 2012) and the resulting curves have 75 
become known as diversity profiles. These curves display different properties of diversity and 76 
often drop sharply between q=0 and q=1 and level off soon after q=2, indicating that many 77 
communities are dominated by few highly abundant species (Preston, 1948).   78 
To calculate diversity indices (except for species richness), as well as diversity profiles, 79 
information about the relative abundances of species, or evenness, is required (Leinster & 80 
Cobbold, 2012). Obtaining information on species abundance can, however, be challenging. 81 
Raw count data are typically fraught with detection bias (Nichols et al., 1998; MacKenzie & 82 
Kendall, 2002; Sollmann et al., 2013), and inference about diversity from indices based on 83 
count-based relative abundance estimates that do not account for imperfect and varying 84 
detectability may therefore be biased. Estimating abundance of all species in a community 85 
while accounting for varying detection, for example using capture-recapture methods (Royle 86 
& Dorazio, 2008), is extremely difficult as different organisms require different sampling 87 
methods to obtain sufficient data for reliable abundance estimation. Thus, community studies 88 
often resort to the collection of much cheaper and easier to obtain species detection/non-89 
detection data. Even with these incidence data we must consider that species may be detected 90 
imperfectly (MacKenzie et al., 2002; MacKenzie et al., 2006). 91 
Occupancy modelling provides a framework to handle the problem of imperfect and 92 
varying detection, producing unbiased estimates of species occurrence (MacKenzie et al., 2002, 93 
2006). The development of hierarchical multi-species occupancy models (Dorazio & Royle, 94 
2005; Dorazio et al., 2006) has enabled estimation of richness at the level of the study area and 95 
survey location (Sollmann et al., 2017), and to model variation in richness across areas as a 96 
function of covariates (Sutherland et al., 2016). However, it has been shown that multi-species 97 
occupancy models overestimate true species richness (Zipkin et al., 2012), and only a few 98 
applications for other diversity indices exist (Broms, Hooten, & Fitzpatrick, 2016; Guillera‐99 
 
 
Arroita, Kéry, & Lahoz‐Monfort, 2019). Consequently, accounting for imperfect detection has 100 
often been neglected in calculating diversity metrics in the past. 101 
Only recently, Chao et al. (2014) described a method to calculate Hill numbers from 102 
incidence data, and Broms, Hooten, & Fitzpatrick (2015) followed with a formulation to 103 
calculate detection-corrected occupancy-based Hill numbers. Here, we extend this framework 104 
to facilitate the calculation, visualization, and thus, interpretation of occupancy-based diversity 105 
profiles. We first explored how occupancy-based diversity profiles compare to true abundance-106 
based diversity profiles using simulated data. Because of the asymptotic relationship between 107 
occupancy and abundance (i.e., occupancy approaches 1 as abundance increases, thus 108 
decreasing differences between species), we expect occupancy-based profiles to overestimate 109 
diversity for q>0 (i.e., suggest a more even community). Moreover, based on previous work 110 
(Zipkin et al., 2012; Broms, Hooten, & Fitzpatrick, 2016; Guillera‐Arroita, Kéry, & Lahoz‐111 
Monfort, 2019) we expect occupancy-based profiles to overestimate richness, due to 112 
characteristics of the underlying community occupancy models (see Section 2.4 for details) 113 
and that likely inflates diversity at q>0 as well. But because this affects all communities, we 114 
expect occupancy-based profiles to still be able to correctly order areas by their diversity. 115 
Therefore, we tested their ability to compare communities across landscapes with varying 116 
levels of habitat disturbance, associated with varying levels of diversity. We then used an 117 
empirical dataset of diverse bird communities collected in Sabah, Malaysian Borneo, to 118 
demonstrate how the framework can be extended to a trait-based diversity analysis of 119 
occupancy-data by incorporating measures of similarity as proposed by Leinster and Cobbold 120 
(2012).  121 
 122 
 123 
2. Methods 124 
 Our study was divided in into a simulation study and an application of occupancy-based 125 
diversity profiles to an empirical dataset. The simulation study followed six steps: (1) 126 
simulation of a forest degradation gradient, (2) simulation of animal communities, and 127 
detection data of those communities, (3) community occupancy analysis of simulated detection 128 
data, (4) utilization of community occupancy model output to construct occupancy-based 129 
diversity profiles, (5) application of thresholding to occupancy-based profiles, and (6) 130 
evaluation of the performance of the occupancy-based diversity profiles by comparing them to 131 
true community abundance diversity profiles. In the second part of our study, we applied the 132 
community occupancy diversity profiles to an empirical bird dataset from Malaysian Borneo 133 
and demonstrate how these profiles can account for phylogenetic or ecological trait similarities.   134 
  135 
2.1 Forest degradation and community simulation 136 
We simulated five virtual 10 x 10 km forest landscapes, with 200 x 200 m grid cells 137 
(50 x 50 cells). We simulated a habitat covariate representing “habitat disturbance” (where 0 138 
represents undisturbed forest and 5 represents complete deforestation) for each landscape (Fig. 139 
1A) by drawing random samples from a multivariate normal distribution. To increase realism 140 
by simulating nonrandom habitat, we explicitly included spatial autocorrelation in the 141 
simulation of the habitat covariate by using the distance matrix as our variance-covariance 142 
matrix and a decay function with a decay constant 𝜙 to specify how the relationship to other 143 
cells changes with distance (Fig. S1). The five landscapes constitute a habitat degradation 144 
gradient representative of three different logging regimes and two “patchy” landscapes that 145 
simulate activities such as compartmental logging: (1) no disturbance, (2) patchy low 146 
disturbance (i.e. low impact logging restricted to a few logging compartments), (3) low 147 
disturbance across the entire area (i.e. low impact logging conducted throughout the logging 148 
concession), (4) patchy high disturbance (i.e. conventionally logging restricted to a few logging 149 
 
 
compartments), and (5) high disturbance across the entire area (i.e. conventional logging 150 
conducted throughout the logging concession). 151 
We then simulated the cell-level abundance of 40 virtual species distributed within our 152 
5 landscapes. We simulated abundance to generate true abundance-based diversity profiles. 153 
Abundance was simulated for each of the 40 species, i, at grid cell j (j = 1, 2,...,nT) in each of 154 
our five landscapes under the following model: 155 
 156 
𝑁!" ∼ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛)𝜆!"+             True abundance 157 
𝑙𝑜𝑔)𝜆!"+ = 𝛽0! + 𝛽1! ∗ ℎ𝑎𝑏𝑖𝑡𝑎𝑡"              Expected abundance 158 
 159 
where the species-specific intercepts (𝛽0) and dependence on the habitat covariate (𝛽1) are 160 
simulated as normally distributed with community hyperparameters (Fig. S2):  161 
 162 
𝛽0! ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(𝜇#, 𝜎#$) 163 
𝛽1! ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(𝜇%, 𝜎%$) 164 
 165 
We set the average response of species to habitat disturbance as negative (𝜇% = −2) since most 166 
forest-adapted species will respond to logging negatively (Fig. S2). We allowed this to vary, 167 
generating a community of species with mostly negative responses, but with few species that 168 
responded positively to habitat disturbance. Average expected abundance per species per grid 169 
cell in undisturbed forests was 0.37. This resulted in five communities with species richness 170 
ranging from 17.2 (±2.8) for the most disturbed site to 40 (±0) for the undisturbed site. 171 
We then generated detection/non-detection data by simulating systematic repeated 172 
sampling of the community. For each landscape, we picked 100 sampling points in a grid 173 
spaced 2 km apart. At each point, we then simulated the observation process with imperfect 174 
detection: 175 
 176 
𝑦!"& ∼ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙)𝑁!" , 𝑟!"&+               Observed count data 177 
𝑙𝑜𝑔𝑖𝑡)𝑟!"&+ = 𝛼0!               Detection probability 178 
 179 
where yijk is the observed count data and rijk is the probability of detection of an individual 180 
present at site j. We repeated the observation process for 10 occasions, k. The average detection 181 
probability for the community for all landscapes was set to 0.5. Species-specific intercepts for 182 
detection on the logit scale, 𝛼0, were drawn from a normal distribution describing the 183 
community (𝜇' = 0, 𝜎' = 1). 184 
Finally, we reduced the observed count data y to detection/non-detection data. We 185 
chose to represent the detection process in two steps (generating counts, then reducing these to 186 
binary detection/non-detection data) to reflect how data from typical non-invasive survey 187 
methods, such as bird point counts or camera-trapping, are prepared for occupancy modeling. 188 
We compared the performance of the occupancy-based diversity profiles to true community 189 
abundance diversity profiles (see below). We repeated the simulation process to generate 100 190 
communities. All calculations were carried out in R version 3.6.0 (R Core Team, 2019). 191 
 192 
2.2 Community occupancy model 193 
We adopted the hierarchical formulation of occupancy models by Royle & Dorazio 194 
(2008) extended to a community occupancy model (Dorazio & Royle, 2005; Dorazio et al., 195 
2006). To analyze our simulated data, we combined data from all five landscapes and, 196 
following common practice in analyzing field data, modelled occupancy probability as having 197 
species-specific random intercepts, 𝛽0!(, with landscape specific (indicated by s indexing) 198 
 
 
hyperparameters (𝜇)#,(, 𝜎)#,(), to allow for different baseline occupancy in the different 199 
landscapes and among species. We further modelled species-specific effects on occupancy of 200 
the simulated habitat “disturbance” covariate (𝛽1!). Detection probability included a species-201 
specific random intercept with landscape specific hyperparameters, to allow for differences in 202 
baseline detection among landscapes. In our case, the different landscapes had different 203 
abundances of animals, which leads to differences in species-level detection (Royle & Nichols, 204 
2003) and likely also to differences in species-level baseline occupancy probability. When 205 
fewer than the 40 simulated species were observed across all landscapes, we augmented the 206 
observed data set with 40 minus the number of observed species with all-0 detection data (note 207 
that this implies more data augmentation, and thus a higher potential for positive bias in 208 
diversity estimates, in more disturbed landscapes with fewer species, compared to less 209 
disturbed landscapes were more species were present). The formal model description can be 210 
found in the supporting information. We implemented the model in a Bayesian framework 211 
using JAGS (Plummer, 2003) accessed via the R packages rjags (Plummer, 2019). We ran 212 
three parallel Markov chains with 250,000 iterations, of which we discarded 50,000 as burn-213 
in, and we thinned the remaining iterations by 20 to make the output more manageable. We 214 
assessed chain convergence using the Gelman-Rubin statistic (Gelman et al., 2004). Values 215 
under 1.1 indicate convergence, and all parameters in our models had a Gelman-Rubin statistic 216 
<1.1. We tested whether the model adequately fit the data by calculating a Bayesian p-value 217 
(Gelman et al., 1996). We observed no lack of fit for any of our models. 218 
 219 
2.3 Diversity profiles 220 
In order to investigate the performance of estimating diversity profiles with occupancy-221 
based information, we first constructed diversity profiles for the simulated abundance across 222 
the sampling stations. Diversity profile values (	+𝐷,) for abundance data can be calculated 223 
according to Leinster & Cobbold (2012) as: 224 
 225 
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 231 
where 𝜆 represents abundance, M is the number of species in the assemblage, and the ith species 232 
has relative abundance -!
.(-)
. The parameter q determines the sensitivity of the measure to the 233 
relative abundances of species. This allows us to calculate diversity along a continuum of 234 
values of q. At q=0, 	+𝐷, equals species richness where all species are considered equally. As 235 
q becomes larger, more weight is placed on common species thereby incorporating evenness 236 
into the diversity measure and resulting in a lower value of 	+𝐷,	for more uneven assemblages 237 
than for more even assemblages. The diversity profile framework from Leinster & Cobbold 238 
(2012) allows for the consideration of similarity between species through the inclusion of an 239 
M x M similarity matrix 𝐙 which represents the similarity between the ith and hth species. 240 
Values of 0 in 𝐙 indicate total dissimilarity, whereas values of 1 indicating identical species. 241 
This matrix can be used to adjust the profiles by incorporating any measure of similarity (such 242 
as phylogenetic or trait) between different species or taxonomic groups. In our simulation 243 
study, we use a naive similarity matrix (an identity matrix with all cells on the diagonal equal 244 
to 1 and all other values = 0). In the empirical dataset (see below) we adjusted the profiles using 245 
 
 
a diet, taxonomic, and a phylogenetic similarity matrix. We refer to q=0 as “richness” (R), 246 
which, depending on the nature of 𝑍!4, can represent species richness, or trait richness. 247 
To use occupancy probabilities instead of abundances to construct diversity profiles we 248 
altered the diversity profile method of Leinster & Cobbold (2012) as follows: 249 
 250 
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 256 
where M is again the number of species in the assemblage, 𝜓M! is the average occupancy 257 
probability of species i, the ith species has relative occupancy 5
6 !
.7568
, and 𝐙 is the similarity 258 
matrix. This adjustment is similar to that developed by Broms, Hooten, & Fitzpatrick (2015) 259 
but extends their approach by allowing occupancy probability to be modeled as a function of 260 
covariates. 261 
We used the parameter estimates from the occupancy model fit to our simulated data to 262 
calculate species occupancy for the sample stations in the five simulated landscapes and then 263 
constructed diversity profiles using the mean occupancy probability across sampling stations 264 
for each species using Equations 3 and 4 for all posterior samples of the community occupancy 265 
model. This effectively creates posterior distributions for the diversity profiles themselves and 266 
allowed us to determine their standard deviations (SDs) and 95% Bayesian credible intervals. 267 
We then compared estimates of R, H’ and D from the occupancy-based profiles against indices 268 
based on the true abundance profiles by evaluating the diversity profiles at q=0, q=1, and q=2, 269 
respectively. Specifically, for each landscape, we present the average relative bias (occupancy-270 
based index minus true abundance index divided by true index) across all 100 communities 271 
and coverage, i.e., the proportion of communities for which the 95% CI of the occupancy-based 272 
index estimate included the true-abundance based index. We also generated occupancy-based 273 
diversity profiles for landscape wide predictions of occupancy generated using the parameters 274 
estimated in the community occupancy model. We did this to compare the results between the 275 
sampling station-based profiles and the landscape-wide profiles. 276 
To evaluate how well occupancy-based diversity profiles were able to order landscapes 277 
by site diversity rank, we compared them to the diversity ranking in the true abundance-based 278 
profiles. Since not all communities were different in the true abundance-based profiles (e.g. no 279 
disturbance and patchy low disturbance landscapes both had an average species richness of 40 280 
(Table 1) and could, therefore, not be distinguished in the true-abundance based profiles), we 281 
first determined how many sites we could reliably distinguish. To do so we used the results of 282 
the true abundance-based simulations and checked which landscapes could be distinguished in 283 
95% of the 100 simulations for R, H’, and D. We were able to distinguish 3, 4, and 3 of the 5 284 
sites in the true abundance profiles for R, H’, and D, respectively (see Table S1). We then 285 
calculated the proportion of communities for which occupancy-based diversity profiles resulted 286 
in the same rank order of these distinguishable landscapes as true abundance-based profiles. 287 
 288 
2.4 Occupancy Threshold 289 
Community occupancy models have been shown to overestimate diversity through 290 
several processed: when data augmentation is used to estimate richness including species never 291 
observed, it induces a non-0 probability of occurrence for augmented species, which can inflate 292 
 
 
richness (and likely other diversity) estimates. Further, because rare species borrow 293 
information from common species (through shared hyperparameters), their occupancy 294 
probability may be overestimated (Broms, Hooten, & Fitzpatrick, 2016 Guillera‐Arroita, Kéry, 295 
& Lahoz‐Monfort, 2019). Finally, for data sparse species, detection probability may be 296 
underestimated, and occurrence probability consequently overestimated, which has been 297 
shown to lead to positive bias in occupancy-based Hill numbers (Broms, Hooten, & Fitzpatrick, 298 
2015). To explore methods to account for the expected overestimation of diversity profiles in 299 
community occupancy models, we tested the use of an occupancy threshold. An occupancy 300 
threshold is traditionally used to transform occupancy probabilities into binary outputs. Here, 301 
we explore the use of a threshold to determine at which occupancy levels we can consider a 302 
species to truly occupy a landscape, thus reducing the overestimation in richness. 303 
When using presence/absence data, the identities of both presence and absence data are 304 
(assumed to be) known (Liu et al., 2016). However, with detection / non-detection data we 305 
have no information about “true absences”, which presents challenges for threshold selection. 306 
Liu et al. (2016) identified the maxSSS method, which maximizes the sum of sensitivity and 307 
specificity, as the most suitable objective approach for determining thresholds with incidence 308 
data (presence-only data). 309 
The maxSSS method described by Liu et al. (2016) requires the use of “pseudo-310 
absences”, which are randomly picked from the sampling stations with no detections. Here, we 311 
use the estimates from the occupancy model to draw “pseudo-absences” randomly for stations 312 
without detections but weighed by the probability of a station being unoccupied, 1 − 𝜓.  313 
We calculated the maxSSS (Fig. S3) threshold for each species for each landscape based 314 
on the mean occupancy estimate using the optimal.thresholds function from the R package 315 
PresenceAbsence (Freeman & Moisen, 2008). We set occupancy probabilities for stations with 316 
estimates below the occupancy threshold to zero. We then averaged the threshold-adjusted 317 
occupancy for each species across landscapes for each model iteration and generated new 318 
diversity profiles using the adjusted dataset. We compared threshold occupancy-based profiles 319 
against true-abundance based profiles as described for non-threshold profiles and evaluate if 320 
using a threshold improves our ability to distinguish between the landscapes. 321 
 322 
2.5 Case study 323 
We sampled bird communities at 307 point-count localities in and around the Stability 324 
of Altered Forest Ecosystems (SAFE) project (117.5°N, 4.6°E) in Sabah, Malaysian Borneo 325 
(Mitchell et al., 2018). Thirty-eight localities were in continuous logged forest (CF) of the Ulu 326 
Segama Forest Reserve, with an additional 156 in the neighboring SAFE landscape, in forest 327 
that had been logged several times and recently salvage logged. A further 113 localities were 328 
sampled alongside rivers in oil palm plantations, including 88 with riparian forest remnants 329 
(RR) on each riverbank and 15 with no natural vegetation (OPR). Localities are classified by 330 
habitat into four categories: non-riparian continuous forest (CF), riparian forest (RF), riparian 331 
remnant (RR), and oil palm river (OPR). Forest quality, based on aboveground carbon density 332 
measured via LiDAR, also varied substantially across the landscape.  333 
Point counts were undertaken by a single experienced observer (SLM) for 15 minutes 334 
on mornings without rain, recording all birds heard or seen within a 50-m radius. Each point 335 
was sampled three times, typically within a few weeks, during field work undertaken 2015 – 336 
2018 (for details, see Mitchell et al., 2018).  337 
We observed a total of 169 bird species. Two species, Leptocoma brasiliana and 338 
Zanclostomus javanicus, were excluded because there is no phylogenetic information 339 
available, which is necessary for the trait-based analysis. Further, three species of swift 340 
(Aerodramus maximus, A. salangana and A. fuciphagus) could not be reliably separated and 341 
are considered as Aerodramus spp.  342 
 
 
To analyze the case study data, we used a similar community occupancy model 343 
structure as used for the simulation study. Following Mitchell et al. (2018), we modeled 344 
occupancy using above-ground carbon density, forest cover and riparian remnant width as 345 
predictors, with species-specific random intercepts with habitat-specific hyperparameters. 346 
Covariates were derived using remotely sensed data and calculated following Mitchell et al. 347 
(2018). Detection probability included a species-specific random intercept with habitat specific 348 
hyperparameters and accounted for the effect of time and date of a survey on the probability of 349 
detection (e.g., Ellis & Taylor, 2018). 350 
We separated species communities according to the four habitat-types described above 351 
for diversity profile construction with and without occupancy thresholds. We used the 352 
occupancy probabilities for each sampling station to construct the diversity profiles. 353 
Additionally, we constructed similarity matrices according to diet, taxonomy, and phylogeny 354 
(see Supplementary Material) to demonstrate how similarity can be incorporated into the 355 
occupancy-based diversity profile framework. 356 
 357 
 358 
3. Results  359 
 360 
3.1 Simulation results 361 
The number of species present in the simulated true abundance data in each landscape 362 
ranged between, on average, 17 and 40, whereas the number of species detected in each 363 
landscape ranged between, on average, 8 and 39, indicating that our simulation of the detection 364 
process resulted in the detection of between 47 and 99% of the species present in the 5 365 
landscapes. On average across the 5 landscaped, 6 species were missed due to imperfect 366 
detection. We present the average and standard deviation (as a measure of variability among 367 
simulated communities) for the true abundance and occupancy-based profiles generated for the 368 
sample stations in 100 simulated communities in Figure 1. The occupancy-based diversity 369 
profiles (Fig. 1C without thresholding and 1D with the threshold for the application of this 370 
method to a single site see Fig. S4) showed similar trends in diversity as the diversity profiles 371 
based on true abundance (Fig. 1B). Occupancy-based species richness estimates without 372 
thresholding corresponded well to true richness for all but the most disturbed landscape 373 
(average bias of 38%). As expected, for q > 0.5 (including H’ and D), occupancy-based 374 
diversity profiles showed consistent positive bias (Fig. 1B, Table S2). Patterns in coverage 375 
mirrored patterns in bias, with nominal (>95%) coverage of richness, but poor coverage 376 
(between 0 and 27%) of the other two indices (Table 2). Applying the threshold reduced 377 
positive bias and improved coverage of diversity for q>0, but resulted in an negative bias and 378 
poorer coverage of species richness, particularly in more disturbed landscapes (Table S2).  379 
For both abundance and occupancy-based profiles, we did not find great discrepancies 380 
between the sampling station-based profiles and the landscape-wide profiles, even though the 381 
sampling stations only covered about 4% of the study area (Table S2, for landscape wide 382 
profiles see Fig. S5).  383 
For the comparison across landscapes the occupancy-based diversity profiles generally 384 
maintained the same rank order of diversity amongst the landscapes (Fig 2A, for an example 385 
of results from a single site see Fig. S6) as the abundance-based diversity profiles. The three 386 
communities that showed significantly different species richness based on true abundance data 387 
were ordered the same by occupancy-based richness estimates in 97% of the simulated 388 
communities (Fig. 2B, Table 1). Similarly, the four and three landscapes that could be 389 
significantly distinguished for H’ and D were ordered the same as occupancy-based profiles in 390 
96% and 94% of all simulations, respectively. The occupancy threshold slightly increased the 391 
 
 
ability to correctly rank simulated landscapes by species richness (to 100%), but slightly 392 
reduced it for H’ and D (Fig 2C, Table 1).  393 
 394 
3.2 Borneo bird community results 395 
We detected 143, 118, 121, and 30 species in continuous forest, riparian forest, riparian 396 
remnant, and oil palm river, respectively. In the diversity profiles, species richness was highest 397 
in continuous forest, followed by (in decreasing order) riparian remnant, riparian forest, and 398 
oil palm river. At q < 1, continuous forest was the most diverse habitat type, while at q > 1.5 399 
riparian forest was the most diverse (Fig. 3A), although the 95% CIs of the profiles for these 400 
two more diverse habitats overlapped. Although species richness in the riparian remnant was 401 
similar to continuous forests and riparian forest, the diversity decline of the profile was much 402 
greater, so that riparian remnants were significantly (non-overlapping 95% CIs) distinct from 403 
continuous forest and riparian forest at q > 0.5. Oil palm river and riparian remnant were always 404 
the habitats with the lowest and second lowest biodiversity, respectively, and at q > 2 the 95% 405 
CIs of these two profiles largely overlapped.  406 
When we incorporated similarity (diet, taxonomic, and phylogenetic), the overall 407 
community diversity was reduced for all habitat types. In line with species richness, the 408 
taxonomic richness (Fig. 3C) was similar for the riparian remnant, continuous forest and 409 
riparian forest. Continuous forest and riparian forest showed very similar overlapping profiles. 410 
The shape of the riparian remnant and oil palm river taxonomic profiles were very similar to 411 
the original profiles but overlap in the 95% CIs was even greater. When we considered dietary 412 
(Fig. 3B) and phylogenetic (Fig. 3D) similarity, we also saw a large reduction in the diversity 413 
of the communities. In both cases, all habitats showed very similar diversity profiles with 414 
widely overlapping 95% CIs.  415 
With thresholding (see Fig. S7), the estimated species richness was lower for all habitat 416 
types. Profiles with the threshold showed similar patterns, but differences among habitats, 417 
particularly for the more depleted communities in the riparian remnant and the oil palm river, 418 
were less distinct. 419 
 420 
 421 
4. Discussion and Conclusion 422 
Diversity profiles allow researchers to characterize and compare communities while 423 
considering the contributions of abundant and rare species, thus acknowledging the 424 
multidimensional nature of diversity (Morris et al., 2014). Occupancy-based diversity profiles 425 
provide a reliable inference framework for estimating biodiversity based on output from 426 
community occupancy models, which take into account imperfect and varying species 427 
detection. As expected, we found that occupancy-based diversity profiles generally mirrored 428 
true among-community patterns well, albeit with some shortcomings that are primarily related 429 
to overestimations of non-richness diversity measures. 430 
Using occupancy model estimates of average occupancy probability to construct 431 
diversity profiles, with or without thresholding, generally maintained the same inter-landscape 432 
diversity pattern as observed in the true abundance diversity profiles (Fig. 2). Further, the two 433 
simulated landscapes that had very similar abundance-based profiles (landscape-wide low 434 
disturbance and local high disturbance) also showed very similar occupancy-based profiles. 435 
The general agreement of the occupancy and true abundance profiles suggests that 436 
detection/non-detection surveys may be sufficient to compare the multidimensional properties 437 
of diversity between landscapes. Similarly, the repeated collection of detection/non-detection 438 
data from one landscape will likely allow comparison of diversity through time, an important 439 
aspect of biodiversity monitoring.  440 
 
 
Within a landscape, occupancy-based profiles generally overestimated diversity for 441 
q>0. This is expected because occupancy approaches 1 as abundance increases; consequently, 442 
occupancy-based diversity should suggest more even communities (i.e, be higher) than 443 
abundance-based diversity. Further, Broms, Hooten, & Fitzpatrick (2015) also found positive 444 
bias when comparing their occupancy-based to true incidence-based Hill numbers and 445 
attributed that to positively biased estimates of occupancy in species with low detection rates. 446 
This bias is caused by the structure of the community occupancy framework, as rare species 447 
borrow information from common species (Broms, Hooten, & Fitzpatrick, 2016; Guillera‐448 
Arroita, Kéry, & Lahoz‐Monfort, 2019), and may also contribute to the positive bias we 449 
observed. Similar to Broms, Hooten, & Fitzpatrick (2015), we saw no or low negative bias in 450 
estimates of species richness (q=0), with exception of the most disturbed landscape, which had 451 
33.8% positive bias in richness estimates, on average. Several factors likely contribute to this 452 
positive bias: First, the rarity of many of the species in this landscape translates into low species 453 
detection probabilities and thus, likely positive bias in occupancy, as explained above. Second, 454 
our approach to analyze data from all landscapes combined implies augmenting data for the 455 
most disturbed site with a large number of all-0 encounter histories (reflecting the implicit 456 
assumption that all species from the regional pool could potentially occur in the disturbed 457 
landscapes). Occupancy probability for these species, even if low, is non-0, and thus 458 
contributes to richness estimates. The potential for this source of bias is lower in landscapes 459 
where true richness is closer to the 40-species threshold. As an alternative, we could have 460 
analyzed data from each landscape separately, conditioning on the number of species observed 461 
in each landscape. That, however, would have induced negative bias in richness (and possibly 462 
other diversity) estimates, as not all species present were always observed.  463 
We attempted to overcome the overestimation of diversity from community occupancy 464 
models by implementing an occupancy threshold. Liu et al. (2016) suggest the use of randomly 465 
selected points as pseudo-absences for threshold determination with incidence data. Here, we 466 
used the output of the occupancy model to generate pseudo-absences based on estimated 467 
occupancy probability. This approach likely leads to more realistic pseudo-absences than 468 
completely random generation as the use of modeled occupancy probabilities allows for a more 469 
informed selection. Incorporating a threshold into occupancy-based diversity profile 470 
calculation had mixed results. The threshold reduced the overestimation of diversity at q > 0.5 471 
(Table S2). At the same time, however, thresholding often resulted in underestimated species 472 
richness, particularly for more disturbed landscapes (Table S2) for q > 0. Interestingly, the use 473 
of a threshold did not improve, but rather slightly reduced our ability to correctly replicate true 474 
underlying differences in diversity among landscapes (Table 1). In the empirical dataset, we 475 
saw a similar reduction in the distinctiveness of diversity profiles for the riparian remnants and 476 
the oil palm rivers, whose 95% CIs largely overlapped for q > 1 when a threshold was applied. 477 
As we expect that the main objective of most biodiversity research and monitoring projects is 478 
the comparison of profiles between sites or of the same site across time, we recommend to not 479 
use the threshold we applied. In this case, researchers should be aware that species richness 480 
and potentially entire diversity profiles may be overestimated when detection is low for many 481 
species. We acknowledge that we only explored one threshold and that effects may be different 482 
for other threshold methods; this is an avenue for future development of this approach.  483 
Acknowledging the differences between abundance and occupancy, we do not suggest 484 
that occupancy probability can simply be used as an index or surrogate for abundance. Our 485 
results do, however, indicate that occupancy-based diversity measures and profiles can reflect 486 
patterns in diversity despite the loss of information entailed in using occupancy rather than 487 
abundance data. This is a promising finding for biodiversity research and monitoring, as 488 
community-wide species detection/non-detection data are generally much easier and cheaper 489 
to obtain than data for abundance estimation (Joseph et al., 2006; Kéry & Schmidt, 2008). In 490 
 
 
addition to traditional methods used to detect wildlife, such as points counts and visual 491 
transects, a growing number of technologies are available for detecting and identifying 492 
biodiversity, such as automated acoustic recorders (Bush et al., 2017) or eDNA and 493 
metabarcoding (Bush et al., 2017). These new technologies present powerful methods to collect 494 
community level detection/non-detection data that could be combined with occupancy-based 495 
diversity profiles.  496 
It is important to note that with an average detection probability of 0.5 and 10 sampling 497 
occasions, our simulated data represent a scenario where most species in a community are 498 
detected. These conditions are representative of typical camera-trap surveys in which the 499 
number of possible repeat visits is much less limited by logistics than methods requiring a 500 
human observer to return to each sampling location on each occasion (e.g., point counts). Based 501 
on our findings for the most disturbed landscape (e.g., strong positive bias in richness estimates 502 
from community occupancy models), we expect sparser data from surveys with lower species 503 
detectability and/or fewer repeated visits to increase the potential for positive bias in diversity 504 
profiles. Further studies are needed to explore the effects of varying p and k on occupancy-505 
based diversity profiles. 506 
The diversity profile framework presented here also allows for the incorporation of trait 507 
similarities between species by defining a similarity matrix. Incorporating species trait 508 
similarities can be an additional way to display diversity in a community as it puts a greater 509 
emphasis on more dissimilar species (Leinster and Cobbold, 2012). From an ecological 510 
perspective, accounting for such similarities reduces the functional redundancies in the 511 
community, for example, species having the same dietary niche could functionally replace each 512 
other (Rosenfeld, 2002; Olden et al., 2004). Phylogenetically and functionally diverse 513 
communities are known to better maintain ecosystem stability (Cadotte, Carscadden & 514 
Mirotchnick, 2011; Cadotte, Dinnage & Tilman, 2012). Therefore, considering these additional 515 
dimensions of diversity provides a more complete picture of a community (Rodrigues & 516 
Gaston, 2002) and may improve predictions of ecosystem function and resilience. 517 
Our empirical data showed that considering dietary, taxonomic or phylogenetic 518 
similarities among bird species led to very similar diversity profiles for all habitat types. In the 519 
case of this bird dataset, all taxonomic, phylogenetic and dietary groups were present in all 520 
habitats. As a result, even at considerably lower species diversity, disturbed habitats such as 521 
oil palm plantations maintained dietary and phylogenetic diversity of birds essentially identical 522 
to that of continuous forests. This is surprising, given that previous studies have found that 523 
dietary traits and taxonomy (among other characteristics) can affect response to habitat 524 
alterations and extinction risk in birds (e.g., Russell et al. 1998; Boyer 2010; Frishkoff et al. 525 
2014). Despite this apparent maintenance of phylogenetic and functional diversity, the loss of 526 
overall species diversity in more disturbed habitats suggest a loss in redundancy, another 527 
measure that has been associated with ecosystem stability (Naeem, 1998). 528 
The diversity profiles of the bird communities reinforced the findings by Mitchel at el. 529 
(2018) that riparian remnants supported similar diversity value to continuous logged forest 530 
habitats (both riparian and non-riparian). However, when evenness of the community is given 531 
more weight (i.e. when q > 1), riparian remnants have reduced diversity compared to logged 532 
forests. This suggests that much of the diversity in the habitat remnants (such as when measured 533 
via species richness directly), manifests from a number of species occurring rarely. If a greater 534 
proportion of the community in remnant occurs only rarely, this suggests such remnants may 535 
not sustain certain species in the long-term (i.e., we may be observing an extinction debt) and 536 
effectively act as population sinks from continuous forest habitats, a finding which is not 537 
apparent from assessing only species richness and community integrity as undertaken by 538 
Mitchell et al. (2018).  539 
 
 
Beyond exploring alternative threshold approaches and the effects of sample size on 540 
occupancy-based diversity profiles, there are several opportunities to further develop the 541 
application of detection-corrected diversity profiles to typical wildlife survey data. We focused 542 
on detection/non-detection data as these are the most easily collected for communities of 543 
difficult-to-study species (though “easy” is a relative term). When repeated count data are 544 
available, as is often the case for bird surveys, a community N-mixture model (Royle 2004, 545 
Yamaura et al. 2016) could be used to construct detection-corrected abundance-based diversity 546 
profiles. Distance sampling data on a community of species (e.g., Sollmann et al. 2016) could 547 
be used for that same purpose. Even with species-level detection/non-detection data, 548 
researchers could employ the Royle-Nichols occupancy model (Royle and Nichols 2003), 549 
which exploits the relationship between abundance and species detection probability to 550 
estimate local abundance from detection/non-detection data. At the same time, our results 551 
highlights that even a basic community occupancy model will in most cases be sufficient to 552 
compare different sites in terms of diversity.  553 
In practice, information on species occurrence is often used to help develop 554 
management decisions and conservation strategies (Guisan et al., 2013). For many species of 555 
conservation concern, the detection/non-detection surveys underlying estimates of occurrence 556 
are the main source of information on their population status, and therefore have a significant 557 
role in setting conservation priorities (MacKenzie, 2005; Joseph et al., 2006). They are useful 558 
for a wide range of purposes from estimating changes in occurrence to identifying high 559 
conservation priority areas (Zipkin et al., 2010; Olea & Mateo-Tomas, 2011; Tilker et al. 2020). 560 
Occupancy-based diversity profiles are an important contribution to the occupancy toolkit as 561 
they allow comparing biodiversity across space and time while accounting for imperfect and 562 
varying detection. Specifically, these profiles can be used to: (1) monitor the diversity of a 563 
community over time and to evaluate the effectiveness of management / conservation efforts, 564 
and (2) compare general patterns of diversity according to different habitat, disturbance, or trait 565 
regimes, helping to set conservation priorities. Incorporating this approach into conservation 566 
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Figure 1. Results from the simulation study. (A) Simulated “forest quality” habitat covariate 751 
for five virtual landscapes. Average diversity profiles (solid line) for simulated data generated 752 
using data from only the 100 surveyed stations for (B) the simulated true abundance, and the 753 
community occupancy predictions for the entire landscape (C) without thresholding and (D) 754 
with thresholding using the maxSSS method for the entire study landscape, showing the standard 755 






Figure 2. Comparison among landscapes of diversity profiles generated using (A) the true 760 
abundance at the 100 sample stations in each landscape, (B) occupancy based predictions at 761 
the 100 sample stations in each landscape without thresholding, (C) occupancy based 762 
predictions at the 100 sample stations in each landscape with thresholding. All results are 763 
shown as averages (solid line) of the 100 simulations with the uncertainty shown as standard 764 
deviations (grey shading). 765 
 766 
 767 
Figure 3. Diversity profiles for a bird community from Malaysian Borneo in four habitat types 768 
calculated using the occupancy predictions without thresholding. (A) naive similarity matrix, 769 
(B) taxonomic similarity, (C) diet similarity, (D) phylogenetic similarity. The standard 770 
deviations (grey shading) and 95% credible intervals (blue shading) are included to quantify 771 
uncertainty. 772 
 773 





Table 1: Percentage of the 100 simulated communities within each of five landscapes where 
occupancy-based diversity profiles were ordered the same as the true abundance-based 
diversity profiles. The maximum number of landscapes that could be reliably separated in the 
true abundance profiles was 3, 4, and 3 of the 5 landscapes for R, D, and H’, respectively (see 
Table S2).  
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